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ABSTRACT 
 Understanding how changes in functional requirements of the cell select 
for changes in protein sequence and structure is a fundamental challenge in 
molecular evolution. This dissertation delineates some of the underlying 
evolutionary forces using as a model system, the Haloalkanoate Dehalogenase 
Superfamily (HADSF). HADSF members have unique cap-core architecture with 
the Rossmann-fold core domain accessorized by variable cap domain insertions 
(delineated by length, topology, and point of insertion). 
 To identify the boundaries of variable domain insertions in protein 
sequences, I have developed a comprehensive computational strategy 
(CapPredictor or CP) using a novel sequence alignment algorithm in conjunction 
with a structure-guided sequence profile. Analysis of more than 40,000 HADSF 
sequences led to the following observations: (i) cap-type classes exhibit similar 
distributions across different phyla, indicating existence of all cap-types in the last 
	   vii 
universal common ancestor, and (ii) comparative analysis of the predicted cap-
type and functional diversity indicated that cap-type does not dictate the 
divergence of substrate recognition and chemical pathway, and hence biological 
function. 
By analyzing a unique dataset of core- and cap-domain-only protein 
structures, I investigated the consequences of the accessory cap domain on the 
sequence-structure relationship of the core domain. The relationship between 
sequence and structure divergence in the core fold was shown to be monotonic 
and independent of the corresponding cap type. However, core domains with the 
same cap type bore a greater similarity than the core domains with different cap 
types, suggesting coevolution of the cap and core domains. Remarkably, a few 
degrees of freedom are needed to describe the structural diversity in the 
Rossmann fold accounting for the majority of the observed structural variance. 
Finally, I examined the location and role of conserved residue positions 
and co-evolving residue pairs in the core domain in the context of the cap domain. 
Positions critical for function were conserved while non-conserved positions 
mapped to highly mobile regions. Notably, we found exponential dependence of 
co-variance on inter-residue distance. 
Collectively, these novel algorithms and analyses contribute to an 
improved understanding of enzyme evolution, especially in the context of the use 
of domain insertions to expand substrate specificity and chemical mechanism. 
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Chapter 1 
Introduction 
 
Proteins are the building blocks of life and Nature’s workhorses for evolutionary 
innovation. A protein’s sequence uniquely determines its three-dimensional structure 
and in turn, this structure dictates its biological function. From a biological perspective, 
only the functional space is under evolutionary constraint. How protein evolution, i.e. 
adaptation from function A to function B, translates to changes on the sequence and 
structure levels is still an enigma. The space of biological function of proteins is vast and 
the corresponding sequence/structure spaces are even more expansive. Fortunately, we 
live in the age of the genomic revolution that is marked by an exponential rate of gene 
and protein sequence discovery. With the advent of next-generation sequencing 
technologies, genome and meta-genome sequencing projects have unleashed a deluge 
of gene and protein sequences. Orthogonally, thanks to efforts such as the Protein 
Structure Initiative, numerous structures from representative members of various protein 
families have been elucidated. These developments have enabled systematic analyses 
of sequence-structure-function relationships and have opened up new opportunities for 
exploring protein function. The motivation for this dissertation is to unravel these 
sequence-structure relationships in order to understand how extant proteins evolved to 
be such efficient catalysts (enzymes).  
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Figure 1.1: Various mechanisms leading to the expansion of the protein functional 
space 
 
 
Theoretically, a simple yet inefficient method to create a new enzymatic function 
is to create a new protein ab initio. However there are many alternative, more efficient 
routes available during evolution, some of which are summarized in Figure 1.1. Briefly, 
following gene duplication one of the gene products may be released from functional 
constraints during evolution, to evolve a new function by the accumulation of mutations 
via genetic drift1. This process is called neofunctionalization and involves a moonlighting 
or promiscuous intermediate (in most cases)2. In some cases, a promiscuous enzyme 
can be tuned to be specific for a particular substrate via a series of selective mutations 
and vice versa3. Another possibility for attaining new function involves oligomerization 
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(homo- or hetero-) of domains via non-covalent association4 e.g. for an important 
regulatory protein 14-3-3, monomer–dimer transition modulates target protein activity5. 
An alternate to the neofunctionalization hypothesis is the saltation theory that suggests 
large, sudden changes in protein sequence/structure followed by few, stabilizing 
mutations6.  
 Function-driven changes come with their own costs: most molecular 
modifications of proteins tend to be thermodynamically destabilizing7. Although long 
hypothesized8, it has been shown only recently that the stability of a fold promotes 
evolvability by allowing a high degree of structural plasticity9. As a consequence, protein 
folds follow a power law distribution where few intrinsically stable folds have numerous 
members, referred to as superfolds, and a multitude of folds have few members (Figure 
1.2). Due to this interplay between stability and evolvability, it has been suggested that 
superfolds are compatible with a much larger set of sequences than other folds10. This 
raises the question of how protein sequence and structural diversity are related to one 
another.  
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Figure 1.2: Occurrence of InterPro (◊) and SCOP families (x) and folds (!) in E. 
coli and S. cerevisiae genomes. The three classification schemes show a similar, 
power-law behavior (from Qian et al.11). 
 
Pioneering work by Chothia and Lesk illustrated that structural similarity is 
correlated with sequence similarity12. Although the three-dimensional structure retains 
the common fold during neutral drift (random genetic drift of mutant alleles that are 
neutral or nearly neutral), it undergoes subtle changes as sequence diverges, mainly 
due to packing modifications and backbone conformational changes. In a focused study, 
Halaby et al. have shown that sequence diverges to a greater extent than structure in 
the immunoglobulin fold13. More recently, Panchenko and co-workers noted a similar 
trend in a systematic study spanning 81 homologous protein families14. One strategy for 
the acquisition of new function(s) is the topological alteration of the fold to provide a new 
evolutionary platform15. More frequently, existing and stable scaffolds are elaborated to 
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attain diversity. Notably, while some folds are highly conserved even after significant 
sequence divergence, others are extremely tolerant to structural variation and secondary 
structure embellishment16.  
Previous work by Pascarella et al. has shown that small insertions (also referred 
to as indels) are typically one to five residues in length17. A detailed analysis by Reeves 
and co-workers suggests that such small secondary structure insertions may be a 
potential mechanism for evolving new functions15. Additionally, they observe that layered 
domain architectures like α-β sandwiches exploit such additions to the fold to alter 
function on a regular basis. Insertions of any size make structural classification difficult 
for both automated methods such as CATH and manual inspection approaches like 
SCOP, which necessitates the need for accurate and efficient methods for finding 
domain insert boundaries. In a large number of cases, the expansion of functional space 
has been achieved by the tandem fusion of two or three domains to form evolutionary 
modules known as supra-domains18. An analysis of catalytic domains fused to the 
nucleotide-binding Rossmann domain has revealed that the sequential order of their 
connections is conserved because each pairing arose from a single recombination event.  
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Figure 1.3: Illustrative examples of structural elaboration. Indels are small (1-5 
residues) addition to a scaffold (PDB 4CHA), supra-domains are conserved, 
contiguous domain combinations (PDB 1JNY) and, domain inserts are conserved 
non-contiguous domain combinations (PDB 2HSZ). Blue represents the core 
scaffold whereas gold denotes the structural embellishment. 
 
A less common but equally important structural elaboration is that of domain 
insertion(s) (domain refers to a stable organization of secondary structural units) into 
existing folds19. Domain insertion is a strategy that is observed in all fold classes, i.e. all 
α, all β, α+β and α/β20. Importantly, ~10% of domain combinations in the Protein Data 
Bank (PDB) are domain insertions. For example, members of the A, B and Y DNA 
polymerase superfamilies, Rab geranylgeranyl transferase superfamily, and alcohol 
dehydrogenase superfamily have inserted different domains into the native fold to fine 
tune their cellular functions21–23. Figure 1.4 displays some illustrative examples. The 
analysis of such non-contiguous domain organization has been facilitated by the 
availability of structures bearing insertions of domains that also occur as independent 
folds.  
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Figure 1.4: Illustrative examples of domain insertions. Red represents the core 
scaffold/fold whereas green denotes the inserted domain. Insertions are observed 
in (A) slcohol dehydrogenase, (B) eukaryotic primase, (C) NAD Rossmann fold 
and (D) RNA 3’-terminal phosphate cyclase superfamilies respectively. 
 
The Haloacid Dehalogenase Superfamily (HADSF) is a challenging model 
system for studying domain insertions. The HADSF is one of the largest enzyme 
superfamilies with ~ 130,000 members to date, in organisms across all domains of life24. 
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The majority of HADSF members catalyze the hydrolysis of a phosphate ester 
(phosphatase) or anhydride (ATPase) bond. HADSF members have achieved structural 
and functional diversity by accessorizing the conserved core Rossmann-fold domain with 
large, variable-length cap domain insertions. Based on topology and location of the cap 
inserts, the superfamily can be classified into different structural classes – C0 (no or 
minimal cap insert), C1 (α-helical cap insert), C2 (α-helical and β-strand cap insert, 
further sub-divided into C2a and C2b depending on topology) and, C1+C2 (inserts in 
both positions) (Figure 1.5)25–27.  
 
Figure 1.5: Schematic displaying the cap-core architecture prevalent in the HADSF 
 
Markedly, the HADSF cap domain insertions are yet to be observed as 
autonomous folds in extant organisms. The diverse sequence space and modular 
architecture make the HADSF an excellent model system to study the sequence-
structure-function relationship in proteins with large insertions. 
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1.1 Overview of Chapter 2 - CapPredictor: a structure-guided strategy for 
detecting large domain insertions in protein sequences 
To identify the boundaries of variable domain insertions in protein sequences, we 
developed a comprehensive computational strategy, and have named it CapPredictor 
(CP). The novelty of the approach stems from the use of a custom dynamic 
programming sequence alignment algorithm in conjunction with a structure-guided 
sequence profile (built from 154 core-domain-only structures) to make predictions of cap 
domain boundaries. CP performs significantly better than state-of-the-art algorithms 
Based on the CP-generated predictions, in excess of 40,000 HADSF member 
sequences were assigned cap-type. The resulting dataset was then used to examine 
various aspects of HADSF evolution. One insight the analysis afforded was that a similar 
distribution of cap-type classes across different phyla was observed, thus indicating that 
all cap-types existed in the last universal common ancestor. In addition, a comparative 
analysis of the predicted cap-type and functional diversity was performed, the findings of 
which indicate that the divergence of substrate recognition and chemical pathway, and 
hence biological function, is not directed by cap-type.  
 
1.2 Overview of Chapter 3 - Consequences of domain insertion on 
sequence-structure divergence in a superfold 
Herein, we analyze the effect of the accessory cap domain on the sequence-
structure relationship of the Rossmann fold core domain by analyzing a unique dataset 
of core-domain-only and cap-domain-only structures. The relationship between 
sequence and structure divergence in the core fold is shown to be monotonic, as is 
generally the case, and notably, independent of the corresponding cap type. However, 
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core domains with the same cap type bear a greater similarity at the sequence and 
structure level than do the core domains with different cap types, consistent with 
coevolution of the cap and core domains. We find that out of thousands of possible 
positions of atoms, the structural diversity in the Rossmann fold can be described by 
three dominant combinations of coordinates that account for the majority of the observed 
structural variance. Overall, our results suggest that the structure space of a superfamily 
has an underlying organizing principle despite its diversity. 
 
1.3 Overview of Chapter 4 - Evaluating impact of domain insertions on 
sequence conservation and co-variance in the HADSF 
In order to understand the nature of sequence level modifications associated with 
domain insertions into a superfold, comprehensive analyses were carried out with 
HADSF as a model system. Using superfamily-wide multiple sequence alignments, 
sequence conservation and co-variation was investigated. We discover low sequence 
conservation in the HADSF core Rossmann fold with the exception of the amino acids 
required for hydrolyzing the phosphoryl group and solvent accessibility is a good 
predictor of sequence conservation. By comparing conserved residues across different 
cap type classes, we find positions with potential role in conformational flexibility have 
been selectively conserved in different classes. As suggested previously, we observe a 
significant correlation between mutually co-varying residue positions and inter-residue 
distance. Top co-varying pairs highlight the importance of helix-strand interaction and 
placement of loops in the correct conformation in the HADSF suggesting a function-
oriented process of sequence divergence. 
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Chapter 2 
CapPredictor: a structure-guided strategy for detecting large domain 
insertions in protein sequences 
 
2.1   Introduction 
Central to structure-based approaches to function prediction is the ability to 
identify the structural homology existing in proteins of common ancestry. In addition to 
assisting comparative structural modeling, understanding the impact and consequences 
of evolutionary changes in superfamilies is important for the classification of new 
relatives by structural comparison. Commonly used scaffolds, also referred to as 
superfolds, are frequently elaborated to attain structural and functional diversity. As 
described in Chapter 1, a less common but equally important structural elaboration is 
that of domain insertion into existing folds. Insertions of any size make structural 
classification difficult for both automated methods such as CATH and manual inspection 
approaches like SCOP, which necessitates the need for accurate and efficient methods 
for finding domain insert boundaries.  
Several sequence-based methods have been developed to find domain 
boundaries for example, Pfam, MKDOM, and SMART28–30. However, these are designed 
to identify individual protein families encoded by protein sequences, rather than predict 
structural domains. Other approaches, such as SnapDragon31 and Rigden’s covariance 
analysis32, exploit tertiary structure prediction to infer domain boundaries. Nagarajan and 
Yona have used a combination of PSI-BLAST multiple alignments, predicted structural 
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features, and neural networks to identify the domains boundaries with 35% accuracy 
compared to SCOP33. The more challenging case of predicting domain boundaries is 
finding domain insertions in protein sequences. Over the years, several computational 
methods have been developed to address this problem. The 2DSEC algorithm detects 
inserted secondary structures that embellish the core of conserved secondary structures 
found throughout the corresponding superfamily15. It performs structure-based alignment 
and secondary-structure comparison to identify conserved and inserted secondary 
structural elements.  
Similarly, the CATHEDRAL algorithm employs a graph theoretic secondary-
structure–matching algorithm combined with a dynamic programming, residue-based 
method to predict insertions in an iterative manner with an accuracy of ~80% in 
predicting domain boundaries34. The major limitations of these approaches are 1) they 
require a query protein having a known structure, which is not feasible for all families, 
and 2) they can only detect domains that exist as independent, standalone folds, which 
might not be the case for all insertions. Alternatively, a supervised approach has been 
developed by Kim and co-workers (HangOut) with the aim of improving sequence 
profiles35. Given a query sequence with specified domain boundaries, it performs 
database sequence searches and filters out misaligned regions. As HangOut is based 
upon sequence similarity, its performance is severely limited for highly divergent 
superfamilies. Thus, there exists an unmet need for a computational method that can 
reliably identify large insertions in a query protein sequence from a highly divergent 
superfamily. Significant sequence divergence (mean percentage identity ≈ 15%) and 
insertions of variable length (from 5 up to 250 residues) in two different locations in the 
Rossmann fold leading to a natural classification of the superfamily (refer Chapter 1) 
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makes HADSF an excellent model system for studying proteins with large insertions. 
To identify the boundaries of variable domain insertions in protein sequences, we 
developed a comprehensive computational strategy, and have named it CapPredictor 
(CP). The novelty of the approach stems from the use of a custom dynamic 
programming sequence alignment algorithm in conjunction with a structure-guided 
sequence profile (built from 154 core-domain-only structures; see Chapter 3.2.2 and 
Pandya et al.36) to make predictions of cap domain boundaries. Based on the CP-
generated predictions, more than 40,000 HADSF member sequences were assigned 
cap-types. The resulting dataset was then used to examine various aspects of HADSF 
evolution. One insight the analysis afforded was that a similar distribution of cap-type 
classes across different phyla was observed, thus indicating that all cap-types existed in 
the last universal common ancestor. In addition, a comparative analysis of the predicted 
cap-type and functional diversity was performed, the findings of which indicate that the 
divergence of substrate recognition and chemical pathway, and hence biological function, 
is not directed by cap-type. 
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2.2   Methods 
2.2.1   Generation of sequence collection for prediction 
A set of 79,778 protein sequences corresponding to extant HADSF members 
(HAD fold only) were downloaded from the Structure Function Linkage Database 
(SFLD)24. To capture the most diverse sequences and reduce the computational time, 
overall sequence redundancy of the dataset was reduced to 90% using CD-HIT37 
(Parameters used: sequence identity threshold=0.9 and alignment coverage=0.9), 
resulting in 42,685 sequences. The sequences were further filtered based on sequence 
length to remove fragments (less than 100 amino acids) and ATPases (more than 450 
residues) resulting in 41,572 sequences in the final set. 
2.2.2   Cap type prediction using the CP framework 
The CP algorithm requires (1) query sequence, (2) superfamily/family-wide 
multiple sequence alignment and, (3) insert location(s) as input. The prediction algorithm 
comprises two-steps - the first step involves global sequence alignment using dynamic 
programming (DP) while the second step detects inserts in the query sequence and 
predicts cap type.  
The sequence alignment step entails a modified form of the classical DP-based 
Needleman-Wunsch global sequence alignment algorithm with affine gap penalty. Using 
a priori information about the location of the insertions, the gap initiation and extension 
penalties are relaxed to allow for gaps of arbitrary length. In addition, the weight for the 
profile in the alignment scheme (using BLOSUM50 substitution matrix) has been 
increased ten-fold to improve “anchoring” of the query sequence to the profile. Assuming 
xi and yj to represent the two sequences being aligned, the recurrence relations for DP 
are defined as follows: 
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M(i,j) = argmax(M(i-1,j-1)+10*s(xi,yi), Ix(i,j), Iy(i,j)) 
Ix(i,j) = argmax(M(i-1,j)-d*, Ix(i-1,j)-e*) 
Iy(i,j) = argmax(M(i,j-1)-d*, Iy(i,j-1)-e*) 
Here, M(i,j) denotes the best score up to (i,j) given xi is aligned to yj,  Ix(i,j) 
denotes the best score given xi is aligned to a gap, Iy(i,j) denotes the best score given yj 
is aligned to a gap and, s(xi,yi) denotes the weighted score for residues xi and yi based 
on a scoring matrix. The gap initiation (d*) and gap extension (e*) penalties depend on 
the index j where d*=12 and e*=1 if j lies in insert region or d*=18 and e*=0.1 otherwise. 
The combination of higher gap initiation and lower gap extension penalties biases the 
algorithm to allow for a single large insertion. 
All the sequences in the dataset described in the previous section were aligned 
to the gold standard HADSF sequence profile (as described in Pandya et al.36). For the 
gold-standard alignment, cap type C1 insert location was defined between residue 
positions 14-15 and positions 68-69 for cap type C2. In the subsequent step of the 
algorithm, the input profile and insert information were used to locate sequence 
insertions of significant length. Based on the pairwise alignment (profile versus query), 
corresponding core and cap domain sequences were extracted from the query sequence. 
A classifier to predict cap type using length of detected insertions was determined 
empirically. A sequence was classified as C1 if the insert was greater than 30 residues 
in the first location, as C2 if the insert was greater than 60 residues in the second 
location, as C1+C2 if inserts in both locations were greater than 20 or, as C0 if otherwise.  
 
	  	  
16 
2.2.3   Z-score calculation for estimating alignment quality 
Each query sequence was randomly shuffled and realigned 25 times to estimate 
the background distribution of scores. The resulting alignment scores were used to 
compute Z-scores for each sequence. Only sequences with 99% confidence (Z>2) were 
considered for all the downstream analyses. To improve the predictive power of the 
algorithm, a bootstrapping step was performed. All sequences were clustered at 60% 
sequence identity and consensus cap type predictions were determined for each cluster. 
Predictions that were different from the consensus for any member in the cluster were 
changed to the consensus prediction. The algorithm (along with all associated files) is 
freely available as open source Python code as supplementary material and the 
following link - http://enzymefunction.org/pandya. 
 
2.2.4   Phylogenetic and Functional Analysis 
Taxonomy information for each sequence was downloaded using custom scripts 
querying public databases using the National Center for Biotechnology Information 
(NCBI) E-utility functions (http://eutils.ncbi.nlm.nih.gov/entrez/eutils/). Gene Identifier (GI) 
numbers were converted to EC numbers by the bioDBnet38 web services. Computer 
simulations calculated background distribution for the t-test and p-values were computed 
using R. For two sets A and B, the Jaccard Index was computed using the following 
formula: 
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J(A, B) = |A ∩ B| / |A ∪ B| 
2.2.5   Illustrations  
Protein structures were rendered using UCSF Chimera 
(https://www.cgl.ucsf.edu/chimera/). Sequence logos were generated using WebLogo 3. 
ROC curves were generated using the pROCR package in R and the Venn diagram by 
the VennDiagram package. The Function similarity network was generated using 
Cytoscape.  
 
 
2.3   Results 
2.3.1   Finding domain insertions using CapPredictor and prediction accuracy 
A novel computational strategy (CapPredictor) for detecting large domain 
insertions in protein sequences using existing structural information is proposed. For 
details of the various steps in the algorithm, see section 2.2. Briefly, the starting point is 
the creation of a high quality, structure-guided sequence profile for the conserved, 
discontinuous domain. Because protein structure is conserved to a higher degree than is 
sequence, incorporating structural information improves the quality of the alignment 
significantly, especially for highly divergent superfamilies with low sequence identity. 
This step is performed by the investigator and is critical to ensure accurate predictions. 
Using this high quality sequence profile and knowledge of the general locations (viz, 
between catalytic motifs 1 and 2 for cap type C1 and between catalytic motifs 3 and 4 for 
cap type C2) for domain insertion, the query sequence was determined using an 
alignment that allowed for gaps in place of the insertions. The lengths of the insertions (if 
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present) defined by the alignment were used to predict the structural class (cap type C0, 
C1 or C2) of the HADSF sequence using a classifier determined from empirical 
examination of insertion lengths in known structures.  
Execution of the method requires careful manual input and data curation (vide 
infra). Thus, for the scope of this study CapPredictor use is illustrated using one model 
system. As a challenging case study, i.e. the HADSF, the high quality multiple sequence 
alignment (MSA) of >150 HADSF protein sequences (as described in Pandya et al.36) 
was used. Due to sequence divergence and variable length insertions, existing 
sequence-alignment methods result in MSAs with significant errors in the form of 
mismatches and gaps. This difference in alignment quality is corroborated by comparing 
and contrasting the sequence logos for HADSF MSAs (Figure 2.1) generated using 
SALIGN (structure-guided approach) versus Pfam seed sequence MSA (sequence-only 
hidden Markov model approach, family PF13419). The Pfam profile contains a 
significant number of gaps leading to a weaker sequence signature. The conserved 
insertion boundaries (one of the inputs for CP) were derived by a careful comparison of 
existing structures and are shown in Figure 2.1 (broken lines for inserts). 
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Figure 2.1: Schematic displaying the alignment strategy using the sequence 
profiles for the HADSF. The top panel shows the high-quality, structure-guided 
sequence profile for the HADSF generated by SALIGN. In contrast, the lower panel 
shows a typical Pfam seed sequence alignment which is used to train the HMM. Broken 
lines indicate the location of the inserts (where the gap penalties are relaxed in 
CapPredictor). 
 
Illustrative examples of blind predictions by CP for sequences representing 
different HADSF cap type classes (C0, C1, and C2) are presented in Figure 2.2. CP 
predicts the correct cap type for each representative sequence. Moreover, as structures 
are available for these sequences, the accuracy of the domain boundary prediction can 
be tested as well. The results show that for the cap type with no/minimal insertion, C0 
(which acts a negative control), the sequence is found to have no significant insertion as 
is expected (Figure 2.2, panel A). Additionally, the domain boundaries are correctly 
estimated in the example sequences that contain cap type C1 or C2 insertions (Figures 
2.2, panels B and C). 
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Figure 2.2: Illustrative examples of domain boundary prediction. (A), (B) and (C) 
show domain boundary predictions for the following structures: PDB ID 2PR7 (cap type 
C0), 1TE2 (cap type C1) and 1NRW (cap type C2) respectively. Insertions detected in 
the Rossmannoid fold sequence by the alignment strategy have been highlighted in both 
the sequence alignment and structure. The core Rossmann fold domain is shown in blue 
and the cap type insert in orange. The corresponding sequence alignment used to make 
the predictions is shown below each structure. 
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To demonstrate the prediction accuracy of the CP framework, it was applied to a 
benchmark set of 51 unique HADSF sequences (a) with known protein structures and 
that were, (b) not used in building the input sequence profile. CP predicted the correct 
cap type class in 46 out of 51 sequences (90.2% accuracy). The prediction accuracy is 
significantly improved from that of Pfam, the most popular method for classifying such 
sequences, which has an accuracy of 21.6% (11/51 correct predictions). The Receiver 
Operator Characteristic (ROC) curves comparing the two methods are shown in Figure 
2.3 where CP performs significantly better than both the random control and Pfam with 
Area Under the Curve (AUC) values of 0.702, 0.508 and 0.5 for CP, Pfam and the 
random case respectively. 
 
 
 
Figure 2.3: Evaluating the performance of the CP framework. ROC curves 
illustrating the improved performance of CP (AUC = 0.702) versus a commonly used 
method Pfam (AUC = 0.508). 
 
2.3.2   Superfamily-wide prediction of cap type classes 
To gain biological insight into the evolution of the HADSF, the CP framework was 
applied to a set of all extant HADSF sequences. The prediction scheme is shown in 
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Figure 2.4. Briefly, all HADSF member sequences were downloaded from the Structure 
Function Linkage Database (SFLD), which is a high-confidence repository of enzymatic 
protein sequences. The redundancy of the dataset was reduced to 90% to save 
computational time and effort. The reduced dataset was curated to remove any protein 
fragments (likely due to sequencing or database errors) and all trans-membrane 
ATPases (different topology than canonical HADSF members). These steps resulted in a 
dataset of 41,572 unique HADSF sequences for which cap type classes were predicted 
using CP. In order to boost the predictive power, a bootstrapping step was performed 
where all sequences were clustered at 60% sequence identity and the consensus 
predicted cap type was propagated through the cluster. This step resulted in changes to 
less than 10% of the pre-propagation predictions. 
 
 
 
Figure 2.4: Workflow diagram of superfamily-wide predictions using the CP 
Framework 
 
The predictions based on the scheme described above are summarized in Table 
2.1. The HADSF sequences are unequally distributed across different cap type classes. 
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Moreover, they are enriched for the cap type C1. These observations are consistent with 
previous analysis by Burroughs and co-workers based on sequence and structural 
elements, phyletic distribution patterns and phylogenetic tree analysis39. 
 
Cap Type Class Number of Sequences 
C0 12,924 
C1 20,090 
C1+C2 2,641 
C2 5,917 
Total 41,572 
 
Table 2.1: Distribution of sequences in different cap classes (as predicted by 
CapPredictor) 
 
2.3.3   Phylogenetic distribution of cap type classes 
Because several protein superfamilies are founded on the Rossmann fold, it was 
assumed that the HADSF cap types were the result of multiple insertion events in the 
evolutionary history of the HADSF. Alternatively, it has been suggested, based on 
phylogenetic tree analysis, that each cap type class was represented in the Last 
Universal Common Ancestor (LUCA). To investigate the evolutionary trajectory of the 
HADSF, we analyzed the taxonomic distribution of the HADSF members categorized 
into cap type classes (Figure 2.5). Assuming cap type classes to be the result of recent 
insertion events, one would expect no correlation in the proportion of different cap types 
across different domains of life. As evidenced by Figure 2.5 (panel A), we find that this is 
not the case. Different cap type classes have a constant proportion across different 
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taxonomic domains. Moreover, this trend is also observed at a finer granularity when we 
take into consideration the different phyla (Figure 2.5, panel B). This result suggests that 
at least one member representing each cap type was present in LUCA and thus, 
provides further evidence for the hypothesis proposed earlier. 
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Figure 2.5: Phylogenetic distribution of extant HADSF members. The relative 
distribution of different cap type classes across different (A) domains of life and, (B) 
phyla shows their conserved proportions. 
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2.3.4   Relationship between structural and functional diversity in the HADSF 
The structural classification of HADSF into various cap types allows for a natural 
grouping of the superfamily. Different cap types have different conformational dynamics 
due to topology, potentially leading to different biological functions. A popular method to 
annotate enzymatic function is via Enzyme Classification (EC) numbers. Briefly, a typical 
EC number consists of four parts with each part defining different classification criteria 
corresponding to a chemical transformation. For example, EC 3 enzymes are hydrolases 
(enzymes that add water to break bonds); EC 3.1 are hydrolases that act on ester bonds; 
EC 3.1.3 are hydrolases that cleave the phosphoryl group from a phosphate monoester 
and, EC 3.1.3.70 are those that cleave the phosphate from a mannosyl-3-
phosphoglycerate. 
To gain insight into the structure-function relationship, we looked at the 
distribution of assigned EC numbers for all the sequences in our analysis. Out of 41,572 
sequences, roughly 9% (3,929 sequences) had completely assigned EC numbers (79 
unique EC numbers). The distribution of unique EC numbers corresponding to each cap 
type is shown in Figure 2.6. Significant overlap is observed in the functional space 
occupied by various cap type classes i.e. different cap type enzymes catalyze the same 
reaction (Figure 2.6, panel A). Notably, all cap types are capable of catalyzing nine 
different chemical reactions (EC numbers), which is significantly more than what is 
expected by chance (mean from randomized trials = 0.7, t-test p-value < 2.2x10-16). We 
employed a less conservative approach by truncating the EC numbers to the third value, 
reflective of the chemical reaction type (i.e. hydrolyzing a phosphate monoester in the 
earlier example) and repeated the analysis. The resulting distribution is similar (Figure 
2.6, panel B) to the one obtained with complete EC numbers. This suggests enzymes 
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with different cap type are capable of catalyzing reactions with the same bond type. 
Using the shared chemistries among the different cap types, a function similarity network 
was constructed (Figure 2.6, panel C). Briefly, for each pair of cap type classes the 
Jaccard Index was computed based on associated EC numbers. The resultant matrix of 
indices was treated as an adjacency matrix for creating the network and, the network 
was displayed using a force-directed layout. Notably, one can observe that cap type C0 
(no or minimal cap insert) is functionally similar to both cap types C1 and C2; but cap 
types C1 and C2 have few functions in common. Also, cap type C1+C2 (hybrid cap type) 
is approximately equidistant from all other cap types. These observations are consistent 
with previous findings and suggests an evolutionary trajectory of initial divergence due to 
cap insertion, followed by convergence to similar chemistries while remaining 
constrained by the common transition state for phosphoryl transfer in the HADSF. 
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Figure 2.6: Distribution of functional diversity across HADSF structural classes. 
The Venn diagram of the number of unique Enzyme Classification (EC) numbers, both 
full (A) and truncated at the third designation (B), corresponding to each cap type shows 
significant overlap in functional range of different cap type classes suggesting functional 
re-invention. (C) Functional similarity network where nodes represent different cap types 
and edges the Jaccard Index between the sets of EC numbers. 
 
 
A major reason for the apparent functional diversity of the HADSF is the lack of a 
clear structure-derived functional classification. This fact is corroborated by our 
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observation that several EC numbers are shared among all cap type classes. For 
example, let us consider EC number - 3.1.3.70 that corresponds to “mannosyl-3-
phosphoglycerate phosphatase” activity. In previous studies, enzymes that catalyze 
either the same or similar reaction have been characterized; typical examples of which 
are illustrated in Figure 2.7. GmhB (cap type C0, PDB code 3L8E) catalyzes 
phosphoester hydrolysis from the C7 position of bisphosphorylated sugar D-glycero-D-
manno-heptose-1,7-bisphosphate40,41, N-acetylneuraminate 9-phosphate phosphatase 
(cap type C1, PDB code 2W4M) catalyzes phosphoester hydrolysis of N-
acylneuraminate-9-phosphate42 and, mannosyl-3-phosphate phosphatase (cap type C2, 
PDB code 3ZTY) hydrolyzes the phosphoester at the C3 position in 2(α-D-mannosyl)-3-
phosphoglycerate43. 
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Figure 2.7: Similar chemical reactions catalyzed by different HADSF structural 
classes. GmhB (cap type C0, PDB code 3L8E) converts D-glycero-D-manno-heptose-
1,7-bisphosphate to D-glycero-D-manno-heptose-1-phosphate, N-acetylneuraminate-9-
phosphate phosphatase (cap type C1, PDB code 2W4M) converts N-acylneuraminate 9-
phosphate to N-acylneuraminate and, mannosyl-3-phosphate phosphatase (cap type C2, 
PDB code 3ZTY) converts 2(α-D-mannosyl)-3-phosphoglycerate to 2(α-D-mannosyl)-D-
glycerate. 
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2.4   Discussion 
The exponential rise in the amount of protein sequence and structure information 
resulting from high-throughput sequencing and structural genomics initiatives has 
spurred the development of reliable automated strategies to annotate protein function. 
Our approach provides a framework for analyzing protein sequence-structure-function 
relationships in a systematic and quantitative manner, especially in the context of 
macromolecular evolution. By combining a high quality sequence profile and a novel 
alignment strategy, we are able to predict large insertions in proteins in an automated 
manner and with a high degree of confidence. Furthermore, we have shown that: (i) the 
different structural classes in the HADSF were represented in LUCA and (ii) the 
structural variation in the HADSF is not directly related to the resulting cellular function.  
A prominent feature of the proposed approach is its applicability to other 
superfamilies with domain insertions. In a typical scenario, one would identify a set of 
representative protein structures from the superfamily of interest, ideally with a diverse 
set of insertions into the conserved scaffold. This step would be followed by (a) 
determination of the standard insert position in the sequence and, (b) removal of the 
insertions from these coordinate sets. The resulting scaffold-only structures would be 
used to generate a structure-directed sequence alignment (using SALIGN or another 
structure-based sequence alignment tool), which will act as the superfamily profile. 
Finally, CP’s insert detection strategy (pairwise sequence alignment allowing variable 
length gaps) would be used in conjunction with the high-quality sequence profile to 
detect insertions on a superfamily-wide level. 
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Although the prediction accuracy of our method is exceptional, it does fail for a 
number of cases. By a retrospective analysis of all incorrect predictions in our test set, 
we uncovered two specific causes for this lack of accuracy. First, sequences with 
significantly long (~10-50 amino acids) N- or C-terminus non-HADSF fusions resulted in 
bad alignments and thus, incorrect predictions. Careful inspection of the sequence set 
revealed several cases where the HADSF domain termini were incorrectly defined, 
suggesting the potential pitfalls of domain boundary prediction based on just one method. 
Perhaps this problem can be avoided by employing an additional step where sequences 
are parsed into domains by a meta-classification method. Second, some sequences with 
a weak sequence signature due to mutations in the typically conserved residues perform 
poorly. This necessitates employing a better HADSF profile built using more structures 
to capture the pronounced sequence diversity of the superfamily. 
Discovering domain boundaries is an integral step in the function prediction 
process and for tracing the evolution of protein families. We observe a lack of robust 
correlation between the structural classes and the underlying function in the HADSF i.e. 
the cap type does not act as the sole predictor of function. This observation is not 
completely disheartening because it is more important to find the specificity 
determinants/markers in the protein sequence than it is to find the reaction type (e.g. 
hydrolase versus mutase). For example, recent work by Daughtry et al. shows that 
bioinformatics methods can be used to discriminate between two paralogous enzymes 
with overlapping but distinct specificities using characteristic residues44. In order to find 
these sequence markers, an accurate alignment is essential, and this can only be 
achieved for HADSF protein sequences by finding the domain boundaries. Alternatively, 
knowledge of the structural class facilitates finding orthologs and paralogs with 
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increased accuracy for a divergent superfamily. Additionally, our method shows promise 
in improving structure prediction using comparative modeling that may then provide 
better models for phase determination via X-ray crystallography.  
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Chapter 3 
Consequences of domain insertion on sequence-structure 
divergence in a superfold 
 
3.1   Introduction 
Although the universe of protein structures is vast and diverse, these 
innumerable structures can be categorized into a finite number of folds. Ideally, the 
protein fold has a robust yet evolvable architecture to deliver chemistry, bind interaction 
partners, or provide scaffolding. As described in chapter 1, domain insertions are an 
important mechanism for attaining functional diversity. However, the way in which the 
sequence-structure relationship changes within a protein fold in the structural context of 
large domain insertions has yet to be investigated. 
How large inserts into a protein fold shape the relationship between sequence 
and structure divergence was queried using the Haloalkanoic Dehalogenase 
Superfamily (HADSF) as a model system. We investigated the effect of the accessory 
cap domain on the sequence-structure relationship of the Rossmann fold core domain 
by analyzing a unique dataset of core-domain-only and cap-domain-only structures. The 
relationship between sequence and structure divergence in the core fold is shown to be 
monotonic, as is generally the case, and notably, independent of the corresponding cap 
type. However, core domains with the same cap type bear a greater similarity at the 
sequence and structure level than do the core domains with different cap types, 
consistent with coevolution of the cap and core domains. We find that out of thousands 
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of possible positions of atoms, the structural diversity in the Rossmann fold can be 
described by three dominant combinations of coordinates that account for the majority of 
the observed structural variance. Overall, our results suggest that the structure space of 
a superfamily has an underlying organizing principle despite its diversity. 
 
  
3.2   Methods 
3.2.1   Collection and curation of protein sequence and structure data 
All the HADSF structures in the PDB were filtered to yield a representative set of 
structures related to each other at less than 90% sequence identity (according to 
program uclust) (Table 3.1). Preference was given to structures determined at 
resolutions better than 3.6 Å and having chains with a minimal number of missing 
residues. For structures containing multiple chains, a single chain was chosen, with a 
preference for those chains with a minimal number of chain-breaks. This set of criteria 
resulted in a collection of 154 HADSF structures. Subsequently, any additional domains 
not corresponding to the HADSF core or cap domain regions were removed. Resulting 
HADSF domains were manually divided into Rossmann fold core and variable cap 
domains with the flexible linkers included with the core domains. The termini of the cap 
domain were judged to be those points where the secondary structural elements began 
and ended. 
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PDB ID 
Cap 
Type 
Putative Protein Name Species 
Taxo- 
-nomy 
ID 
Domain 
of life 
1CQZ C1 Epoxide Hydrolase Mus musculus 10090 Eukaryota 
1F5S 
C1+
C2 
Phosphoserine Phosphatase 
(Psp) 
Methanocaldococc
us jannaschii 
2190 Archaea 
1FEZ C1 
Phosphonoacetaldehyde 
Hydrolase 
Bacillus cereus 1396 Bacteria 
1J8D C0 
Deoxy-D-Mannose-
Octulosonate 8-Phosphate 
Phosphatase 
Haemophilus 
influenzae Rd 
71421 Bacteria 
1L6R C2b Hypothetical Protein Ta0175 
Thermoplasma 
acidophilum 
2303 Archaea 
1L8L 
C1+
C2 
L-3-Phosphoserine 
Phosphatase 
Homo sapiens 9606 Eukaryota 
1NF2 C2b Phosphatase 
Thermotoga 
maritima 
2336 Bacteria 
1NRW C2b 
Hypothetical Protein, Haloacid 
Dehalogenase-Like Hydrolase 
Bacillus subtilis 1423 Bacteria 
1O03 C1 Beta-Phosphoglucomutase Lactococcus lactis 1358 Bacteria 
1Q92 C1 5(3)-Deoxyribonucleotidase Homo sapiens 9606 Eukaryota 
1QQ5 C1 
Protein (L-2-Haloacid 
Dehalogenase) 
Xanthobacter 
autotrophicus 
280 Bacteria 
1QYI C1 Hypothetical Protein 
Staphylococcus 
aureus subsp. 
196620 Bacteria 
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Aureus 
1RKQ C2b Hypothetical Protein Yida Escherichia coli 562 Bacteria 
1RKU C1 Homoserine Kinase 
Pseudomonas 
aeruginosa 
208964 Bacteria 
1RLM C2b Phosphatase Escherichia coli 562 Bacteria 
1S2O C2b Sucrose-Phosphatase Synechocystis sp. 1148 Bacteria 
1T9Z C0 
Carboxy-Terminal Domain 
RNA Polymerase II Polypeptide 
A Small Phosphatase 1 
Homo sapiens 9606 Eukaryota 
1TE2 C1 Putative Phosphatase Escherichia coli 83334 Bacteria 
1U02 C2b 
Trehalose-6-Phosphate 
Phosphatase Related Protein 
Thermoplasma 
acidophilum 
2303 Archaea 
1U7P C0 
Magnesium-Dependent 
Phosphatase-1 
Mus musculus 10090 Eukaryota 
1VJR C2a 4-Nitrophenylphosphatase 
Thermotoga 
maritima 
2336 Bacteria 
1WR8 C2b Phosphoglycolate Phosphatase 
Pyrococcus 
horikoshii 
70601 Archaea 
1WVI C2a 
Putative Phosphatases 
Involved In N-Acetyl-
Glucosamine Catabolism 
Streptococcus 
mutans 
210007 Bacteria 
1X42 C1 Hypothetical Protein PH0459 
Pyrococcus 
horikoshii 
70601 Archaea 
1XPJ C0 Hypothetical Protein Vibrio cholerae 666 Bacteria 
1XVI C2b 
Putative Mannosyl-3-
Phosphoglycerate 
Escherichia coli 
K12 
83333 Bacteria 
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Phosphatase 
1Y8A 
C1+
C2 
Hypothetical Protein AF1437 
Archaeoglobus 
fulgidus 
224325 Archaea 
1YDF C2a 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Streptococcus 
pneumoniae 
170187 Bacteria 
1YJ5 C0 
5' Polynucleotide Kinase-3' 
Phosphatase Catalytic Domain 
Mus musculus 10090 Eukaryota 
1YNS C1 E-1 Enzyme Homo sapiens 9606 Eukaryota 
1YS9 C2a Protein Spy1043 
Streptococcus 
pyogenes 
160490 Bacteria 
1YV9 C2a 
Hydrolase, Haloacid 
Dehalogenase Family 
Enterococcus 
faecalis 
226185 Bacteria 
1Z88 C1 Apha Protein 
Salmonella 
typhimurium 
602 Bacteria 
1ZJJ C2a Hypothetical Protein PH1952 
Pyrococcus 
horikoshii 
70601 Archaea 
1ZRN C1 L-2-Haloacid Dehalogenase Pseudomonas sp. 66693 Bacteria 
2AH5 C1 
COG0546: Predicted 
Phosphatases 
Streptococcus 
pneumoniae 
170187 Bacteria 
2AMY C2b Phosphomannomutase 2 Homo sapiens 9606 Eukaryota 
2B0C C1 Putative Phosphatase Escherichia coli 83333 Bacteria 
2B30 C2b Pvivax Hypothetical Protein Plasmodium vivax 5855 Eukaryota 
2B82 C1 Class B Acid Phosphatase Escherichia coli 562 Bacteria 
2C4N C2a Protein Nagd Escherichia coli 83333 Bacteria 
2CFT C2a 
Pyridoxal Phosphate 
Phosphatase 
Homo sapiens 9606 Eukaryota 
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2FDR C1 
Conserved Hypothetical 
Protein 
Agrobacterium 
tumefaciens str. 
176299 Bacteria 
2FEA C1 
2-Hydroxy-3-Keto-5-
Methylthiopentenyl-1-
Phosphate Phosphatase 
Bacillus subtilis 1423 Bacteria 
2FI1 C1 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Streptococcus 
pneumoniae 
170187 Bacteria 
2FPW C0 
Histidine Biosynthesis 
Bifunctional Protein Hisb 
Escherichia coli 83334 Bacteria 
2FUE C2b Phosphomannomutase 1 Homo sapiens 9606 Eukaryota 
2G09 C1 Cytosolic 5'-Nucleotidase III Mus musculus 10090 Eukaryota 
2G80 C1 Protein UTR4 
Saccharomyces 
cerevisiae 
4932 Eukaryota 
2GHT C0 
Carboxy-Terminal Domain 
RNA Polymerase II Polypeptide 
A Small Phosphatase 1 
Homo sapiens 9606 Eukaryota 
2GO7 C1 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Streptococcus 
pneumoniae 
170187 Bacteria 
2HCF C1 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Chlorobaculum 
tepidum 
1097 Bacteria 
2HDO C1 Phosphoglycolate Phosphatase 
Lactobacillus 
plantarum 
1590 Bacteria 
2HHL C0 
CTD Small Phosphatase-Like 
Protein 
Homo sapiens 9606 Eukaryota 
2HI0 C1 
Putative Phosphoglycolate 
Phosphatase 
Lactobacillus 
delbrueckii 
1584 Bacteria 
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2HO4 C2a 
Haloacid Dehalogenase-Like 
Hydrolase Domain Containing 
2 
Mus musculus 10090 Eukaryota 
2HOQ C1 
Putative HAD-Hydrolase 
PH1655 
Pyrococcus 
horikoshii 
70601 Archaea 
2HSZ C1 Novel Predicted Phosphatase 
Haemophilus 
somnus 129PT 
205914 Bacteria 
2HX1 C2a 
Predicted Sugar Phosphatases 
Of The HAD Superfamily 
Cytophaga 
hutchinsonii 
985 Bacteria 
2I33 C1 Acid Phosphatase Bacillus anthracis 1392 Bacteria 
2I54 C2b Phosphomannomutase 
Leishmania 
mexicana 
5665 Bacteria 
2I6X C1 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Porphyromonas 
gingivalis 
242619 Bacteria 
2I7D C1 
5'(3')-Deoxyribonucleotidase, 
Cytosolic Type 
Homo sapiens 9606 Eukaryota 
2IA5 C0 Polynucleotide Kinase 
Enterobacteria 
phage T4 
10665 Virus 
2IYE C1 Copper-Transporting Atpase 
Sulfolobus 
solfataricus 
273057 Archaea 
2J2C C1 
Cytosolic Purine 5'-
Nucleotidase 
Homo sapiens 9606 Eukaryota 
2JAR C1 5'(3')-Deoxyribonucleotidase Mus musculus 10090 Eukaryota 
2NO4 C1 
(S)-2-Haloacid Dehalogenase 
IVA 
Burkholderia 
cepacia 
292 Bacteria 
2NYV C1 Phosphoglycolate Phosphatase Aquifex aeolicus 63363 Bacteria 
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2O2X C0 Hypothetical Protein Mesorhizobium loti 381 Bacteria 
2OBB C0 Hypothetical Protein 
Bacteroides 
thetaiotaomicron 
226186 Bacteria 
2ODA C1 
Hypothetical Protein 
PSPTO_2114 
Pseudomonas 
syringae pv. 
Tomato 
323 Bacteria 
2OM6 C1 
Probable Phosphoserine 
Phosphatase 
Pyrococcus 
horikoshii 
70601 Archaea 
2P11 C1 Hypothetical Protein 
Burkholderia 
xenovorans 
266265 Bacteria 
2P9J C0 Hypothetical Protein AQ2171 Aquifex aeolicus 224324 Bacteria 
2PKE C1 
Haloacid Delahogenase-Like 
Family Hydrolase 
Xanthomonas 
campestris pv. 
Campestris 
340 Bacteria 
2PR7 C0 
Haloacid 
Dehalogenase/Epoxide 
Hydrolase Family 
Corynebacterium 
glutamicum ATCC 
13032 
196627 Bacteria 
2Q5E C0 
Carboxy-Terminal Domain 
RNA Polymerase II Polypeptide 
A Small Phosphatase 2 
Homo sapiens 9606 Eukaryota 
2QLT C1 (DL)-Glycerol-3-Phosphatase 1 
Saccharomyces 
cerevisiae 
4932 Eukaryota 
2QYH C2b 
Hypothetical Conserved 
Protein, GK1056 
Geobacillus 
kaustophilus 
1462 Bacteria 
2RBK C2b 
Putative Uncharacterized 
Protein 
Bacteroides 
thetaiotaomicron 
226186 Bacteria 
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2VKQ C1 Cytosolic 5'-Nucleotidase Iii Homo sapiens 9606 Eukaryota 
2W43 C1 
Hypothetical 2-Haloalkanoic 
Acid Dehalogenase 
Sulfolobus tokodaii 111955 Archaea 
2W4M C1 
N-Acylneuraminate-9-
Phosphatase 
Homo sapiens 9606 Eukaryota 
2WM8 C0 
Magnesium-Dependent 
Phosphatase 1 
Homo sapiens 9606 Eukaryota 
2X4D C2a 
Phospholysine 
Phosphohistidine Inorganic 
Pyrophosphate Phosphatase 
Homo sapiens 9606 Eukaryota 
2ZBF C1 
Sarcoplasmic/Endoplasmic 
Reticulum Calcium Atpase 1 
Oryctolagus 
cuniculus 
9986 Eukaryota 
2ZG6 C1 
Putative Uncharacterized 
Protein ST2620 
Sulfolobus tokodaii 111955 Archaea 
2ZOS C2b 
Mannosyl-3-Phosphoglycerate 
Phosphatase 
Pyrococcus 
horikoshii 
53953 Archaea 
2ZXE C1 Na, K-Atpase Alpha Subunit Squalus acanthias 7797 Eukaryota 
3A1C C1 
Probable Copper-Exporting P-
Type Atpase A 
Archaeoglobus 
fulgidus 
2234 Archaea 
3B8C C1 
Atpase 2, Plasma Membrane-
Type 
Arabidopsis 
thaliana 
3702 Eukaryota 
3B8E C1 
Sodium/Potassium-
Transporting Atpase Subunit 
Alpha-1 
Sus scrofa 9823 Eukaryota 
3BWV C1 
Putative 5'(3')-
Deoxyribonucleotidase 
Staphylococcus 
epidermidis 
176280 Bacteria 
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3CNH C1 Hydrolase Family Protein 
Deinococcus 
radiodurans R1 
243230 Bacteria 
3D6J C1 
Putative Haloacid 
Dehalogenase-Like Hydrolase 
Bacteroides fragilis 
NCTC 9343 
272559 Bacteria 
3DAO C2b Putative Phosphate 
Eubacterium 
rectale 
39491 Bacteria 
3DDH C1 
Putative Haloacid 
Dehalogenase-Like Family 
Hydrolase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
3DNP C2b Stress Response Protein Yhax Bacillus subtilis 1423 Bacteria 
3DV9 C1 Beta-Phosphoglucomutase 
Bacteroides 
vulgatus 
435590 Bacteria 
3E58 C1 
Putative Beta-
Phosphoglucomutase 
Streptococcus 
thermophilus LMG 
18311 
264199 Bacteria 
3E81 C0 
Acylneuraminate 
Cytidylyltransferase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
3ED5 C1 Yfnb Bacillus subtilis 1423 Bacteria 
3EF0 C0 
RNA Polymerase II Subunit A 
C-Terminal Domain 
Phosphatase 
Schizosaccharomy
ces pombe 
4896 Eukaryota 
3EPR C2a 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Streptococcus 
agalactiae 
serogroup V 
216466 Bacteria 
3ET4 C0 
Outer Membrane Protein P4, 
NADP Phosphatase 
Haemophilus 
influenzae 
281310 Bacteria 
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3EWI C0 
N-Acylneuraminate 
Cytidylyltransferase 
Mus musculus 10090 Eukaryota 
3F9R C2b Phosphomannomutase 
Trypanosoma 
brucei 
5691 Eukaryota 
3FVV 
C1+
C2 
Uncharacterized Protein Bordetella pertussis 520 Bacteria 
3FZQ C2b Putative Hydrolase Clostridium difficile 272563 Bacteria 
3GYG C2b 
NTD Biosynthesis Operon 
Putative Hydrolase Ntdb 
Bacillus subtilis 
subsp. Subtilis 
224308 Bacteria 
3HB0 C1 
Eyes Absent Homolog 2 
(Drosophila) 
Homo sapiens 9606 Eukaryota 
3HLT C2a Hdhd2 Homo sapiens 9606 Eukaryota 
3I28 C1 Epoxide Hydrolase 2 Homo sapiens 9606 Eukaryota 
3I6B C0 
3-Deoxy-D-Manno-
Octulosonate 8-Phosphate 
Phosphatase 
Escherichia coli 37762 Bacteria 
3IB6 C0 Uncharacterized Protein 
Listeria 
monocytogenes 
634178 Bacteria 
3IJ5 C0 
3-Deoxy-D-Manno-
Octulosonate 8-Phosphate 
Phosphatase 
Yersinia pestis 214092 Bacteria 
3IRU C1 
Phoshonoacetaldehyde 
Hydrolase Like Protein 
Oleispira antarctica 188908 Bacteria 
3K1Z C1 
Haloacid Dehalogenase-Like 
Hydrolase Domain-Containing 
Protein 3 
Homo sapiens 9606 Eukaryota 
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3KBB C1 
Phosphorylated Carbohydrates 
Phosphatase TM_1254 
Thermotoga 
maritima msb8 
243274 Bacteria 
3KD3 
C1+
C2 
Phosphoserine 
Phosphohydrolase-Like Protein 
Francisella 
tularensis subsp. 
Tularensis 
119856 Bacteria 
3KZX C1 
HAD-Superfamily Hydrolase, 
Subfamily IA, Variant 1 
Ehrlichia 
chaffeensis 
205920 Bacteria 
3L5K C1 
Haloacid Dehalogenase-Like 
Hydrolase Domain-Containing 
Protein 1A 
Homo sapiens 9606 Eukaryota 
3L7Y C2b 
Putative Uncharacterized 
Protein Smu.1108c 
Streptococcus 
mutans 
210007 Bacteria 
3L8E C0 
D,D-Heptose 1,7-Bisphosphate 
Phosphatase 
Escherichia coli 83333 Bacteria 
3L8H C0 
Putative Haloacid 
Dehalogenase-Like Hydrolase 
Bordetella 
bronchiseptica 
518 Bacteria 
3M1Y 
C1+
C2 
Phosphoserine Phosphatase 
(Serb) 
Helicobacter pylori 210 Bacteria 
3M9L C1 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Pseudomonas 
fluorescens 
220664 Bacteria 
3MC1 C1 
Predicted Phosphatase, HAD 
Family 
Clostridium 
acetobutylicum 
1488 Bacteria 
3MMZ C0 Putative HAD Family Hydrolase 
Streptomyces 
avermitilis 
227882 Bacteria 
3MN1 C0 
Probable Yrbi Family 
Phosphatase 
Pseudomonas 
syringae pv. 
264730 Bacteria 
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Phaseolicola 
3MPO C2b 
Predicted Hydrolase Of The 
HAD Superfamily 
Lactobacillus brevis 387344 Bacteria 
3N07 C0 
3-Deoxy-D-Manno-
Octulosonate 8-Phosphate 
Phosphatase 
Vibrio cholerae 666 Bacteria 
3N1U C0 
Hydrolase, HAD Superfamily, 
Subfamily III A 
Legionella 
pneumophila 
272624 Bacteria 
3N28 
C1+
C2 
Phosphoserine Phosphatase Vibrio cholerae 666 Bacteria 
3NAS C1 Beta-Phosphoglucomutase Bacillus subtilis 1423 Bacteria 
3NIW C2b 
Haloacid Dehalogenase-Like 
Hydrolase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
3NUQ C1 
Putative Nucleotide 
Phosphatase 
Saccharomyces 
cerevisiae 
559292 Eukaryota 
3OCY C1 Lipoprotein E 
Haemophilus 
influenzae 
727 Bacteria 
3P96 
C1+
C2 
Phosphoserine Phosphatase 
Serb 
Mycobacterium 
avium 
243243 Bacteria 
3PCT C1 Class C Acid Phosphatase 
Pasteurella 
multocida 
747 Bacteria 
3PDW C2a 
Uncharacterized Hydrolase 
Yutf 
Bacillus subtilis 1423 Bacteria 
3PGV C2b 
Haloacid Dehalogenase-Like 
Hydrolase 
Klebsiella 
pneumoniae subsp. 
Pneumoniae 
272620 Bacteria 
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3QGM C2a 
P-Nitrophenyl Phosphatase 
(Pho2) 
Archaeoglobus 
fulgidus 
2234 Archaea 
3QLE C0 Tim50p 
Saccharomyces 
cerevisiae EC1118 
643680 Eukaryota 
3QNM C1 
Haloacid Dehalogenase-Like 
Hydrolase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
3QUQ C1 Inorganic Pyrophosphatase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
3R4C C2b 
Hydrolase, Haloacid 
Dehalogenase-Like Hydrolase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
3RF6 C2a 
Uncharacterized Protein 
YKR070W 
Saccharomyces 
cerevisiae 
4932 Eukaryota 
3RFU C1 Copper Efflux Atpase 
Legionella 
pneumophila 
subsp. 
Pneumophila 
272624 Bacteria 
3S6J C1 
Hydrolase, Haloacid 
Dehalogenase-Like Family 
Pseudomonas 
syringae pv. 
Tomato 
323 Bacteria 
3SD7 C1 Putative Phosphatase Clostridium difficile 272563 Bacteria 
3ZX4 C2b 
Mannosyl-3-Phosphoglycerate 
Phosphatase 
Thermus 
thermophilus 
262724 Bacteria 
4DFD C1 
Putative Haloacid 
Dehalogenase-Like Hydrolase 
Bacteroides 
thetaiotaomicron 
818 Bacteria 
 
 
Table 3.1: List of HADSF structures used in the analysis 
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3.2.2   Structure alignments and similarity networks 
The TM-align45 and SAP46 programs were used to perform all-by-all structural 
alignments of both the core and cap region structure sets. To facilitate comparison of 
scores between the different superposition methods, the fTM score47 was calculated for 
each structural superposition. Sequence identity and sequence similarity values were 
computed from sequence alignments (based on structural superpositions) by custom 
scripts. Structure similarity networks were created for each domain (core and cap) and 
each superposition method (TM-align and SAP), using the fTM score as an edge weight. 
 
3.2.3   Sequence similarity networks 
All-versus-all BLAST e-value information was extracted from the Structure-
Function Linkage Database using an e-value cutoff of 10-20. A representative sequence 
similarity network was constructed using Pythoscape48 with mean e-value as edge 
weight.  Each node represents a 40% ID cluster of sequences from CD-HIT. 
 
3.2.4   Principal Component Analysis 
Structure-based Multiple Sequence Alignment (MSA) was generated by the 
SALIGN module in MODELLER49 (excluding divergent structures; N=131). Initially, we 
divided the structure set into two subsets, followed by aligning the sequences within the 
subsets using the iterative structure alignment option of SALIGN. We then combined the 
aligned subsets of sequences iteratively while restraining the alignment of several 
catalytic residues in the individual structures. Optimal 3D gap penalty parameters were 
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determined by trial-and-error, and used to create the final structural alignment. An 
alternate MSA was generated by combining all pairwise structure-based sequence 
alignments (made by TM-align) using Staccato50. 
The sequence alignments contained several gaps arising from variable loops and 
topological variations. A heuristic algorithm was applied to estimate the number of gaps 
in the alignment as a measure of number of columns included in the analysis. It resulted 
in a curve (Figure 3.1) that was used to select an appropriate cutoff for the number of 
columns (L = 132). Similar to Emberly et al.51, all the structures were re-aligned to the 
“center” structure (2HSZ, chain A). We created N x 3L coordinate matrix, where each 
row represents individual structures and each column represents Cα-coordinates of the 
amino acid residues from the columns in the MSA. As the input matrix contained missing 
information corresponding to coordinates for gaps in the MSA, traditional principal 
component analysis could not be employed. Thus, Probabilistic Principal Component 
Analysis (PPCA) on the resulting coordinate matrix was performed using the PCAMV 
package and custom scripts in MATLAB. Resulting eigenvectors were mapped onto the 
“center” structure using the sum of squares. 
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Figure 3.1: Plot displaying the relative number of gaps in the multiple sequence 
alignment as a function of number of columns in the alignment. 
 
 
3.2.5   Statistical analysis 
Statistical parameters, including Spearman rank correlation and two-tailed 
Welch’s T-test, were computed using the statlib library in Python. Graphs were 
generated using Microsoft Excel and MATLAB.  
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3.3   Results 
3.3.1   Relationship between sequence and structure divergence in the 
conserved HADSF core domain 
To study the relationship between sequence and structure in the HADSF core 
domain, we constructed a dataset of protein structures representing all known HADSF 
structures, determined at resolutions better than 3.6 Å, resulting in 154 unique structures 
(section 3.2.1). The large number of sequences (> 79,000) and relatively small number 
of structures (> 150) equates to an apparent coverage of ≈ 0.25% of the superfamily. 
However, we increased structural coverage using automated comparative modeling, 
creating comparative models for all superfamily members that are detectibly related to a 
known structure (deposited in ModBase52), yielding models for approximately 22% of the 
HADSF member sequences at a cutoff of 40% sequence identity and 90% target-
template overlap. As the sequence space is highly redundant and the structure space 
has reasonable coverage, we posit that the experimental dataset provides a broad 
sampling of the sequence space with minimal bias due to any one sub-family (as 
assessed by mapping onto a sequence similarity network (Figure 3.2)). To investigate 
the influence of the cap domain on the core domain, we generated cap-domain-only and 
core-domain-only datasets by manually separating the experimentally determined 
structures into their respective cap and core domains. 
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Figure 3.2: Representative sequence similarity network for the HADSF with each 
node representing all members with sequence identity of ≥ 40% and edges 
connecting those nodes with BLAST e-value <10-20. Each protein structure that fit the 
selection criteria is highlighted in red and the remaining structures in green. Any bias in 
this network due to the presence of close homologs can be ruled out as the vast majority 
of these nodes share < 20% sequence identity to any other node. The network was 
visualized using Cytoscape version 2.8 with the yFiles organic layout scheme. 
 
For estimating the degree of structural similarity between two proteins, we used 
the pairwise structure alignment algorithms TM-align and SAP. Results from both 
alignment algorithms are qualitatively similar (Figure 3.3). Thus, data are presented from 
one representative algorithm, TM-align, hereon. RMSD, the traditional metric of 
structural similarity, is length-dependent and scales linearly with radius of gyration, which 
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makes it problematic for use in making comparisons across different structures and 
types of alignments.  
 
 
 
Figure 3.3: Estimating relationship between sequence and structure divergence 
using two pairwise structural alignment programs. A,C and E represent pair-wise 
structure comparison by TM-align while B,D and F sby SAP. 
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Additionally, the alignment algorithms report different scores as measures of 
similarity. To circumvent these limitations, structural similarity was assessed using a 
generic metric - fTM score. Significant correlation was observed between the fTM score 
and RMSD for both datasets (Figure 3.4).  
 
 
 
Figure 3.4: Distribution plot of HADSF pairwise cap and core structural 
comparisons, shown in the left and right panel respectively, illustrating the 
correlation between RMSD and fTM score (using TM-align). 
 
Initially, we analyzed the level of sequence divergence (percent sequence 
identity) and structure divergence (fTM score) in the core-domain-only dataset using 
Spearman’s Rank Correlation as it captures non-linear trends and can tolerate outliers. 
A strong, statistically significant correlation was observed between percent sequence 
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identity (the metric used by Chothia and Lesk in their studies12) and fTM score 
(Spearman ρ = 0.69, p-value < 10-10) (Figure 3.5, panel A). Notably, the plot contains 
many sequences with high structure similarity despite low sequence identity.  
 
 
Figure 3.5: Correlation between sequence identity and structural similarity in the 
HADSF core domain. Each point denotes one protein pair with percent sequence 
identity value plotted on the x-axis and the fTM score plotted on the y-axis. (A) shows 
data for the entire dataset (number of points = 11,781), whereas (B) shows the dataset 
split into core domains with the same cap type (red, number of points = 3606) and core 
domains with different cap type (blue, number of points = 8175). Inset shows 
Spearman’s rank correlation coefficient for the three individual sets. 
 
 
A qualitatively similar trend is observed using a less stringent measure to 
estimate sequence divergence – percent sequence similarity (Figure 3.6). The trend 
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indicates that in the case of the HADSF, the sequence diverges to a greater extent than 
does the structure. This deduction is consistent with the findings from earlier studies of 
single domain protein families.  
 
 
Figure 3.6: Plot of sequence divergence (percent sequence similarity) versus 
structure divergence (fTM score using TM-align) for HADSF core domains in the 
same and different class types (inset: Spearman’s rank correlation coefficient for 
the two sets). Similar residues are classified as aromatic (F,Y,W), aliphatic (A,V,I,L), 
positive (R,K,H), negative (D,E) and, polar (N,Q,C,M,S,T). 
 
To investigate the influence of the cap domains on the correlation between 
sequence identity and fTM score, computations were carried out using a dataset of core 
domains with (1) the same cap type and (2) different cap types. Remarkably, the 
relationship between the sequence divergence and the structure divergence does not 
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depend on the type of the appended cap domain (Figure 3.5, panel B) and is invariant 
with respect to the choice of cap type (Figure 3.7). However, the correlation is marginally 
higher for core domains with the same cap type (Spearman ρ = 0.80, p-value < 10-10) 
versus core domains with different cap types (Spearman ρ = 0.62, p-value < 10-10). One 
might argue that the structures corresponding to different cap types represent different 
protein folds, as the only commonality is the topology of the Rossmann fold. It has yet to 
be shown that the removal of the cap domain does not disrupt the Rossmann fold 
architecture (which would argue against treating the two domains as one fold). 
Unexpectedly, the relationship between sequence and structure divergence in the 
common core domain is largely independent of the significant evolutionary event of cap 
domain insertion. 
 
 
 
Figure 3.7. Plot of sequence divergence (percent sequence identity) versus 
structure divergence (fTM score using TM-align) for HADSF core domains with the 
same cap type. Data points are colored according to the cap type. Inset shows 
corresponding Spearman’s rank correlation coefficients (all p-values < 10-10). 
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3.3.2   Core domains with the same cap type have high similarity 
Although the difference in sequence-structure divergence between core domains 
with the same cap type and core domains with different cap types is only marginal, it is 
statistically significant. The distributions of sequence and structure similarity scores 
(sequence alignment is based on pairwise structure alignment) between different core 
domains show that core domains with the same cap type (mean sequence identity = 
16.3%, mean fTM score = 0.66) tend to have higher mean similarity than those with 
different cap type (mean sequence identity = 12.8%, mean fTM score = 0.60). Next, the 
distribution of the similarity scores of core domains was sub-divided into each cap type 
to elucidate any underlying trend(s). The distributions (Figure 3.8) show that core 
domains with minimal or no cap (cap type C0) have the lowest mean similarity (mean 
sequence identity = 15.5%, mean fTM score = 0.62) whereas core domains with the αβ 
cap type (cap type C2a) have the highest mean similarity (mean sequence identity = 
29.9%, mean fTM score = 0.84). The differences in the means are statistically significant 
(Welch’s two-tailed p-value < 10-10). Thus, the type of domain insert influences sequence 
and structure diversity in the core domain, and core domains freed from cap-domain 
influence (type C0) display the greatest divergence.  
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Figure 3.8: Distribution of similarity scores for the HADSF core domain. The 
distribution of the fTM structure similarity scores (binned into 0.1 unit intervals) 
categorized by the cap type insert is shown. 
 
To describe the cap-domain-dependent core domain divergence, we generated 
structure similarity networks for the core and cap domains independently (Figure 3.9). 
Structure similarity networks, graphs where nodes represent protein structures and 
edges represent structural similarity above a given threshold between the two structures, 
provide a global view of structure space. Such networks can be used to depict the 
evolutionary history of protein structure space. In Figure 3.9 (panel A), similar cap types 
cluster together (with few edges across cap type clusters) as cap domains fall into 
distinct topological classes. Surprisingly, we observe distinct clustering in the core 
domain network based on the corresponding cap type (Figure 3.9, panel B). This 
observation, coupled with the difference in the similarity scores (Figure 3.8), suggests 
that there is a fundamental structural difference between core domains associated with 
cap domains of a different type.  
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Figure 3.9: Structure similarity networks for the HADSF cap domain (A) and core 
domain (B). Each node represents a single protein structure and an edge is drawn if 
fTM score is higher than the thresholds of ≥ 0.3 (A) and ≥ 0.7 (B), respectively. The 
network shown in (A) does not contain C0 class members. Annotation information, 
including cap type (obtained from manual examination of the structures) was associated 
with each node. The network was visualized using Cytoscape version 2.8 with the yFiles 
organic layout scheme. 
 
Next, we investigate whether the cap domain affects this cap-type based core 
domain classification. For each pair of proteins, the core domain structural similarity was 
plotted against the cap domain structural similarity (Figure 3.10). Remarkably, a 
significant correlation between the two (Spearman ρ = 0.47, p-value < 10-10) is observed 
suggesting a coupling in structural divergence between the two domains (Figure 3.10, 
panel A).  
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Figure 3.10: Correlation between cap domain and core domain structural similarity. 
Each point represents a pair of proteins with the core domain fTM score along the x-axis 
and cap domain fTM score along the y-axis. (A) shows all the pairwise comparisons with 
the linear best-squares fit to data represented by the line. (B) displays the comparisons 
between core domains with the same type and core domains with different cap type in 
red and blue, respectively. The continuous line represents the linear best-squares fit to 
data for all comparisons with the same cap type and, the dotted line comparisons with 
different cap type. 
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This linear relationship between cap and core domain structural similarities is 
unanticipated, as they are spatially separate entities (i.e., the domains are connected by 
solvent accessible linkers; Figure 3.11).  
 
 
 
Figure 3.11: Typical HADSF architecture illustrated using representative 
structures. The different cap domain inserts C0, C1, C2a and C2b are represented by 
PDB codes 1LTQ, 2HSZ, 2C4N and 1L6R, respectively. Conserved core domain is 
shown in green, inserted cap domain in red and flexible linker region in blue. 
 
Next, we recomputed the correlations for comparisons within the same cap type 
and comparisons across different cap type classes (Figure 3.10, panel B). The 
correlation can be explained exclusively by the comparisons between core domains with 
similar cap types (Spearman ρ = 0.75, p-value < 10-10). As different cap domains have 
significantly different topologies, their comparisons have negligible contribution to the 
overall correlation (Spearman ρ = -0.01, p-value = 0.35) and serve as a negative control 
with all core pairs having a mean fTM score ≈ 0.2.  
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3.3.3   Structural diversity in the HADSF has small intrinsic dimensionality 
Our results suggested that the cap domain influences the sequence and 
structural variance of the core domain, but the structural basis of this influence was still 
unclear. The observed structural variance has a large number of degrees of freedom, 
estimated at approximately 6,000 (~130 residues x 15 atoms per residue x 3 coordinates 
per atom). In order to capture the most-varied degrees of freedom, Probabilistic Principal 
Component Analysis (PPCA) was performed on all core domain structures. PPCA 
calculates a linear combination of components that describe a characteristic of the data 
(in this case the atomic positions), thus defining independent descriptors. To bypass any 
potential bias in this method from the sequence alignment, two different approaches – 
SALIGN and, TM-align and Staccato were used. Both methods yielded similar results 
(Figure 3.12 and 3.13); the results from SALIGN are discussed in detail. 
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Figure 3.12: Primary Components from Probabilistic Principal Component 
Analysis using SALIGN. (A) shows core domain structural data projected onto 
Principal Component 1 (PC1) plotted against data projected onto Principal 
Component 2 (PC2). Core domains are colored according to corresponding cap type. 
(B) shows the plot of cumulative variance described by the principal components (red) 
and random (black). 
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Figure 3.13: Primary Components from Probabilistic Principal Component 
Analysis using Staccato. (A) shows core domain structural data projected onto 
Principal Component 1 (PC1) plotted against data projected onto Principal Component 2 
(PC2). Core domains are colored according to corresponding cap type. (B) shows the 
plot of cumulative variance described by the principal components (red) and random 
(black). 
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In contrast to these thousands of potential degrees of freedom, the PPCA 
analysis identifies three dominant principal components that explain >50% of the 
observed structural variance (Figure 3.14). Intuitively, as structural differences between 
core domains become subtler, it takes a greater number of eigenvectors to capture the 
structural variance.  
 
 
Figure 3.14: Pareto plot illustrating the cumulative variance explained by inclusion 
of the principal components. 
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Thus, this plot of contribution of the principal components to structural variance is 
continuous. Plotting the first two principal components against one another reveals a 
cap-type based classification, i.e. core domains with similar cap type cluster together 
(Figure 3.12, panel A). Quantitatively, points derived from core domains with different 
cap type insertions are more distant (mean distance = 23.14 ± 0.2) than those from core 
domains with similar cap types (mean distance = 16.33 ± 0.32) in the coordinate system. 
The overall classification appears qualitatively similar to the structure similarity network 
in Figure 3.9, showing similar clusters and inter-cluster connectivity. As a negative 
control, each of the other principal components was plotted against the first principal 
component resulting in the disappearance of the trend (for a typical example, see Figure 
3.15). 
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Figure 3.15: Core domain structural data projected onto Principal Component 1 
(PC1) plotted against data projected onto Principal Component 10 (PC10). Core 
domains are colored according to corresponding cap type. 
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The structural fluctuations we observe are non-stochastic as the variance is 
significantly greater than the random background (calculated by using unit vectors) 
where all principal components are needed to explain the entire variance, shown in 
Figure 3.12 (panel B). To ascertain the nature of these dominant degrees of freedom, 
the resultant eigenvectors, corresponding to the principal components, were mapped 
onto a representative structure (PDB code 2HSZ) (Figure 3.16). The representative 
structure was chosen because it is the center of the structural similarity network, that is, 
on average it bears the highest structural similarity (fTM score) to all other structures. 
The central β-sheet of the Rossmann fold exhibits the lowest structural variance while 
the α-helices flanking the sheet and connecting loops have a high degree of structural 
variance. Notably, the interface of the core domain, which interacts with the cap domain, 
is largely invariant. This suggests a global rearrangement of the Rossmann fold, akin to 
a “breathing motion”, correlated with the presence of different cap domains. In summary, 
these findings are indicative of a small number of degrees of freedom in the structural 
variation of the Rossmann fold that dominate the plasticity of the structures (ability to 
change the form) and are determined by different cap domains. 
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Figure 3.16: Eigenvectors corresponding to principal components from 
Probabilistic Principal Component Analysis mapped onto representative core 
domain 2HSZ, chain A. (A), (B) and, (C) show maps for principal component 1, 2 and, 3 
respectively. Structures are colored as a color ramp according to corresponding 
eigenvector values with blue denoting the lowest value and red the highest. Typical HAD 
Rossmann fold consists of the central β-sheet - strand 1 (6-9), strand 2 (133-118), strand 
3 (140-142), strand 4 (171-175) and strand 5 (211-213) and, flanking α-helices – helix 1 
(100-110), helix 2 (122-132), helix 3 (154-161) and helix 4 (178-187). 
 
	  	  
71 
3.4   Discussion 
The explosion in the amount of sequence and structure information necessitates 
the development of reliable automated strategies to annotate protein function. However, 
the availability of this data has enabled large-scale investigation of protein sequence-
structure-function relationships. Our approach provides a framework for deconstructing 
patterns in protein evolution in a systematic and quantitative manner. By using a large 
protein structure dataset we have shown that: (i) the sequence-structure relationship 
within the Rossmann superfold is robust towards the significant evolutionary event of 
domain insertion, (ii) the HADSF Rossmann fold is the product of coevolution with the 
corresponding domain insertions and (iii) the structural variation of the HADSF 
Rossmann fold is dominated by three dimensions which are modulated by inserted 
domains. Although these relationships have been shown here for the HADSF, they may 
also occur for other folds. 
The Rossmann fold can withstand significant sequence changes, i.e. as many as 
90% of residues can change while still maintaining the same fold; for example, a 
representative pair of HADSF members with 10% sequence identity demonstrate RMSD 
value ≈ 3.2 Å (fTM score ≈ 0.4). This tolerance implies that the fold is highly adaptable 
as major changes in sequence result in relatively moderate changes in structure, 
consistent with existing theories that suggest that superfolds can accommodate a 
significantly higher number of sequences than folds with a relatively small number of 
members. Aravind et al.21 have proposed the concept of a positive feedback loop where 
duplication of superfamily members leads to gain of new functions and these new 
functional frontiers allow further biased selection of additional members from the same 
superfamily. Presumably, it is primarily due to this process that more than 79,000 
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HADSF members can currently be identified in the public sequence databases. It has 
been shown that few critical contacts are important to properly maintain a fold. Based on 
that model, we conclude that the inter-residue contact network within the Rossmann fold 
is modular and extremely resilient to mutations. In fact, we have uncovered a much 
higher degree of permissiveness in the Rossmann fold than resilience to single point 
mutations, as the sequence-structure relationship appears to be capable of withstanding 
a change as significant as a cap domain insertion without losing its secondary and 
tertiary structural characteristics (Figure 3.6). 
When the average structural similarity of core domains with no or minimal cap 
inserts is compared to core domains with large cap domains, the core domains without a 
significant cap domain (>15 residues) tend to have a lower mean structural similarity and 
a greater variance. This finding can be rationalized by a biophysical argument. One can 
imagine the space of all allowable Rossmann fold structures as a “structure cloud”. 
During evolution, sequences are free to traverse within the structure cloud. We propose 
that the addition of these cap domains imposes limits on this structure cloud. Because 
cap domains impose unique biophysical constraints on the divergence of the core 
domain, members with no or minimal cap inserts have the maximum structural diversity. 
A caveat to this hypothesis is that C0 members may arise by the loss of a cap from a C1 
or C2 progenitor, however such events are rarely observed with one example identified 
thus far. Furthermore, these domain inserts may permit the core domain to traverse an 
extended, previously inaccessible structure cloud thereby allowing unique modifications 
to the traditional Rossmann fold. 
One striking observation is that cap domains of different types tend to have core 
domains that are different from one another; there is a linear relationship between 
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structural similarity of the cap domain and structural similarity of the core domain. Two 
models seem most plausible a priori. First, the linear trend can be explained by structural 
co-evolution between the core and cap domains. Perhaps, when the core domain 
underwent structural divergence, the cap domain adapted to maintain function and vice 
versa. These compensatory modifications coupled across the core and cap domains 
result in the observed linear trend. Second, as the core domains diverged it is natural to 
assume the cap domains diverged independently, implying these two domains share 
about the same level of structural divergence. Hence, the observed linear relationship 
could be a consequence of the evolutionary history of this superfamily. Burroughs et al 
predicted that the last universal common ancestor (LUCA) had a representative HADSF 
member from each cap sub-type. However, in such a scenario, one would expect 
structural divergence of the core domain to be similar across all cap types, which is not 
the case (Figure 3.12). Therefore, structural coevolution is the most reasonable 
explanation for the observed trend in the HADSF.  
Recent experimental results provide further support for the coevolution 
hypothesis. Seifried et al. 53 have shown recently how switching cap domains can switch 
substrate specificities. Similar studies by Bryan and co-workers (unpublished results) 
illustrate how incorporating a mismatched cap domain insertion is detrimental to the 
stability of a HADSF protein. In their work, they switch the cap domain of two close 
homologs – ybiV and BT4131 and also, purify their cap-domain-less variants. 
Biophysical studies on these proteins show that having the incorrect cap domain affects 
the thermal stability vastly while removal of the cap domain has little to no effect. 
Our findings hint at protein design principles that might be useful in synthetic 
biology approaches. We find that protein folds undergo co-dependent evolution in the 
	  	  
74 
case of interacting domains where the sequence-structure diversity is modulated by the 
inserted domains. Notably, dominant components of the variation are not located at the 
domain-domain interface. Thus, a more efficient conformational sampling scheme for 
improved modeling of multi-domain protein structures and multi-protein complexes may 
be developed. Traditional directed evolution experiments have primarily tested amino-
acid residue substitution as the modification mechanism, without exploring the role of 
insertions and deletions. Recently, there has been considerable interest in using domain 
insertions to regulate protein activity. Our work suggests that superfolds are tolerant to 
relatively large domain insertions. This structural robustness may facilitate the 
development of directed evolution technologies that incorporate domains into existing 
scaffolds.  
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Chapter 4 
Evaluating impact of domain insertions on sequence conservation 
and co-variance in the HADSF 
 
4.1   Introduction 
Within a family of proteins, protein sequences have conserved positions and 
maintain interacting residue pairs against the forces of neutral drift due to several factors. 
The simplest reason is time, i.e. homologous sequences have not had enough time to 
evolve away from their ancestral sequence, and thus any apparent conserved position is 
a mere evolutionary consequence. Furthermore, a residue’s local structural environment 
plays an important part in its evolution. For example, solvent accessibility is known to be 
an excellent predictor of protein evolutionary rate54 (Figure 4.1). There is a linear 
relationship between evolutionary constraints and solvent exposure with highly exposed 
residues evolving faster than buried ones; disrupting the hydrophobic core by modifying 
any buried residues imposes a strong evolutionary constraint on the protein.  
 
 
Figure 4.1: Correlating solvent accessible surface area and evolutionary rate (from 
Franzosa et al.54). 
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Alternatively, several indirect parameters have been implicated in protein 
evolution with gene expression being the most important covariate; highly expressed 
genes evolve slower55 as producing a misfolded protein is severely detrimental to the 
cell’s fitness. Obviously, maintaining protein function, for example recognition of 
substrate by an enzyme, imposes additional constraints on molecular evolution. In fact, 
residues closer to the enzyme active site and solvent-exposed residues that participate 
in protein-protein interaction evolve slower than other residues54,56. Apart from these 
scenarios, forming the folding nucleus to drive protein folding and maintenance of stable 
tertiary architecture are critical and impose additional constraints on residue 
positions57,58. 
How can one distinguish between these various reasons for sequence 
conservation? Several methods that exploit existing evolutionary information have been 
proposed to address this problem. For example, the “conservatism-of-conservatism” 
approach employs fold-specific sequence alignments to decipher evolutionary signals57. 
Sequence conservation (residue entropy) is computed for families with the same fold, 
followed by structural superposition. “Conservatism-of-conservatism”, computed from 
these structurally aligned residues, measures the evolutionary tendency to maintain a 
certain type of residue at a certain position.  
 
In contrast to conserved positions, variable residues are also under strict 
evolutionary constraint due to several biological reasons. In order to maintain native 
contacts (hydrophobic interactions, salt bridges, disulfide bonds, etc.) intra-domain 
residue positions have been observed to co-vary. For example, top co-evolving pairs in 
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DNA-recognition domain (region 2) of the bacterial Sigma-70 factor (Pfam ID PF04542) 
capture most of the native contacts <8Å59. Additionally, positions have been observed to 
co-vary to preserve long-distance interactions. An analysis of the ATPase domain of the 
family of the nitrogen regulatory protein C-like sigma54-dependent transcriptional 
activators (Pfam PF00158) suggests residue pairs that appear to have coevolved to 
maintain the proper formation of the heptamer complex59. Another reason behind long-
distance co-varying pairs is the occurrence of alternate conformations of domains within 
the same family e.g. examination of the GerE domain family has revealed two sets of co-
varying pairs corresponding to phosphorylated and unphosphorylated forms of the 
protein59. Common interactions of residues with a ligand is another cause for observed 
co-variation; the interaction between Glu110 and His7 residues on different sub-units 
found in FosA is presumably mediated through their common interaction with a metal 
ion59.  
 
To the best of our knowledge, the impact of domain insertions on residue 
conservation and co-variation has yet to be investigated. The following analyses 
summarize our findings for our model system – the HADSF. 
 
 
4.2   Methods 
4.2.1   Generating superfamily- and cap type-wide sequence alignments 
As described in detail in Chapter 2, more than 40,000 representative HADSF 
sequences were downloaded and curated. Corresponding cap-type class assignments 
	  	  
78 
were predicted using the CapPredictor framework. The resulting pairwise sequence 
alignments were used to parse HADSF core domain sequences by custom scripts (as 
the positions aligned to the gold-standard sequence profile represent the core 
Rossmann fold). Similarly, all the variable length inserts (corresponding to cap domains) 
were also parsed out. Several attempts were made to generate a quality alignment 
(using Staccato50, Promals3D60 and Clustal Omega61), both within and across cap type 
classes. Unfortunately, the length variability and high sequence divergence in the cap 
domain sequences made it difficult to get a good alignment. Additionally, attempts to 
generate multiple sequence alignments for full-length sequences from a cap type class 
were unsuccessful. Thus, the analyses primarily focused on the alignment of the core 
domain. 
The gold-standard profile (Chapter 2) was expanded to represent the entire 
superfamily by iteratively adding core domain sequences to the existing multiple 
sequence alignment under the constraint that all pairwise relationships were conserved. 
This alignment was split into C0-, C1- and C2-wide alignments by only using sequences 
from the corresponding class (as predicted). This overall workflow is depicted graphically 
in Figure 4.2. 
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Figure 4.2: Workflow diagram for the sequence-based analyses. 
 
4.2.2   Calculating sequence conservation 
 HADSF multiple sequence alignments (as described in section 4.2.1) were used 
to calculate the corresponding sequence entropies by using equation 1. 
    𝐻! =   −    𝑝 𝑥!   𝑙𝑜𝑔!" 𝑝 𝑥!!"!!!         (1) 
 where, Hc represents the sequence entropy of a column c in the multiple 
sequence alignment and p(xi) is the observed frequency of amino acid i occurring at a 
site. 
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 Representative structures for each class were chosen by selecting from the PDB 
those that were refined to the highest resolution: 1J8D (cap type C0, 1.3 Å), 1TE2 (cap 
type C1, 1.76 Å) and 1VJR (cap type C2, 1.4 Å). The resulting entropy values were 
normalized between 0 - 1, mapped onto representative structures using custom scripts 
and visualized using UCSF Chimera version 1.8.1. Difference entropy maps were 
computed by calculating the difference in entropy values across aligned columns (from 
structural alignment of representative structures using UCSF Chimera). Per-residue 
solvent-accessible surface area was computed using UCSF Chimera’s “Accessible 
Surface (Gerstein)” module (probe size = 1.4 Å). Temperature or B-factors were 
extracted from the PDB files using custom scripts. Molecular dynamics simulations 
(using CHARMM) were used to compute root mean square fluctuation (RMSF) values 
(courtesy Daniel Saltzberg, unpublished results). 
4.2.3   Calculating sequence co-variation 
 HADSF multiple sequence alignments (as described in section 4.2.1) were used 
to calculate the corresponding mutual information (MI) scores, a measure of sequence 
co-variation by using equation 2. 
    𝑀𝐼 = 𝐻!   +  𝐻! − 𝐻!"                              (2) 
where Hc and Hd represent the sequence entropy of a column c and d in the 
multiple sequence alignment, respectively and Hcd is the joint sequence entropy of 
columns c and d. 
The resulting MI values were normalized between 0 - 1 and visualized using R. 
Inter-residue distances were computed using custom scripts. Top-ranking pairs were 
visualized using UCSF Chimera.  
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4.2.4   Illustrations 
All protein structures were rendered using UCSF Chimera 
(https://www.cgl.ucsf.edu/chimera/). Curves were generated using R (http://www.r-
project.org/) and Microsoft Excel. 
 
4.3   Results 
4.3.1 Sequence conservation in the HADSF 
 In order to investigate the sequence conservation in the HADSF, we computed a 
high-quality, superfamily-wide multiple sequence alignment of the HADSF core 
Rossmann fold (as described in section 4.2.1). The sequence alignment covers a 
significant portion of the core Rossmann fold domain (Figure 4.3).  
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Figure 4.3: Structural alignment of representative HADSF members showing 
conserved columns (in purple) from the MSA. PDB identifiers 1J8D, 1TE2, and 
1VJR represent C0, C1, and C2 structural classes respectively.  
 
 To delineate conserved versus variable positions in the core domain, we 
computed position-specific sequence entropy values for the HADSF-wide MSA (as 
described in section 4.2.2). The mapped entropies can be visualized in Figure 4.4. The 
overall sequence conservation is low (mean sequence entropy = 0.74) which is 
consistent with the findings in section 3.3.1 where we observe high sequence 
divergence in the HADSF (average sequence identity ≈ 10%). Importantly, all the 
residues important for catalysis (Asp nucleophile, Asp+2, Ser/Thr, Lys/Arg and Asp/Glu) 
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are highly conserved throughout the superfamily illustrating the shared catalytic 
mechanism of phosphate ester hydrolysis.  
 
Figure 4.4: HADSF-wide sequence entropy mapped onto structurally aligned 
representative structures. Catalytic residues are shown as sticks. 
 
 One can observe from Figure 4.3 that the hydrophobic core of the protein 
appears to be more conserved than the surface of the protein. In fact, within the flanking 
helices, the solvent exposed regions are relatively less conserved than buried regions. In 
order to investigate this further, we computed the relative solvent accessible surface 
area (rSASA) for representative HADSF structures shown in Figure 4.4. Plotting the 
mean rSASA versus sequence entropy (Figure 4.5) revealed a significant correlation (R2 
= 0.76, P-value < 10-10) between the two quantities. This finding is consistent with earlier 
work by Franzosa et al.54, which suggested a biophysical basis for context-sensitive 
residue conservation. The presence of highly conserved residues on the protein surface 
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(e.g. active site residues) leads to variation in the low sequence entropy bin and, 
presence of buried yet non-conserved residues causes variation in the high entropy bin. 
 
Figure 4.5: Correlation between sequence entropy and solvent accessibility. Black 
line depicts the linear least-squares fit. 
 
 Typically, the hydrophobic core of a globular protein is less mobile compared to 
the residues at the protein surface. As we have already established that surface 
residues are less conserved (high sequence entropy) than buried residues, one would 
expect a correlation between residue conservation and temperature/b-factor values. 
Analysis of b-factors from the representative structures with their corresponding 
sequence entropy values resulted in a Spearman’s rank correlation coefficient (ρ) = 0.36 
(P-value = 5 x 10-4). It has been observed that presence of crystal contacts alters the 
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mobility of surface residues. In order to get a more realistic estimate of protein motion, 
we computed root mean square fluctuation (RMSF) values for a representative HADSF 
structure (1ZOL, cap type C1) using molecular dynamics simulations. Comparing RMSF 
values with sequence entropy resulted in a Spearman’s ρ = 0.37 (P-value = 7 x 10-4). 
Based on these positive correlations, we posit that conserved residues in the HADSF 
are more rigid in space than their variable counterparts. 
 
4.3.2 Differentially conserved residue positions across cap types 
 Apart from sequence conservation across the HADSF, it is important to 
understand the impact of large domain insertions on HADSF sequences. To evaluate the 
sequence diversity of C0, C1, and C2 cap types, we computed all-by-all difference 
entropy maps. Briefly, sequence entropy values were computed for each cap type from a 
high-quality MSA. Following structural alignment of representative PDB structures, 
entropy differences were computed for all aligned positions. The top 10 differentially 
conserved positions are highlighted in Figures 4.6-4.8.  
 Comparison of C0 versus C1 cap type sequence conservation is shown in Figure 
4.6. The majority of the differentially conserved C0 positions are located in the α–helices 
flanking the central β-sheet of the Rossmann fold (α1 and α4). In contrast, the 
differentially conserved positions in cap type C1 lie either along the central strand (β1) or 
residues that interact with the “lip” of the corresponding cap domain insertion. 
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Figure 4.6: Difference entropy map illustrating top 10 positions more conserved in 
C0 (left, purple) and C1 (right, gold) cap type sequences. The dotted line 
represents typical insert location. 
 
Similarly, comparison of C0 versus C2 cap type sequence conservation is shown 
in Figure 4.7. Once again, most of the differentially conserved C0 positions lie on the α-
helices flanking the central β-sheet of the Rossmann fold (α1, α2, α3, α4, and α5). 
Notably, analogous to C1, differentially conserved positions in cap type C2 lie either 
along the central strand (β1) or residues that interact with the “lip” of the corresponding 
cap domain insertion. 
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Figure 4.7: Difference entropy map illustrating top 10 positions more conserved in 
C0 (left, purple) and C2 (right, blue) cap type sequences. The dotted line 
represents typical insert location. 
 
Finally, comparison between sequence conservation in C1 and C2 cap types is 
shown in Figure 4.8. In both cap types, differentially conserved positions map to regions 
that either interact with the cap domains or are responsible for inter-domain movement.  
 
Figure 4.8: Difference entropy map illustrating top 10 positions more conserved in 
C1 (left, gold) and C2 (right, blue) cap type sequences. The dotted lines represent 
typical insert locations. 
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4.3.3 Co-variation between residue positions in the HADSF 
 Orthogonal to positions that are conserved are residue position pairs that co-vary. 
It has been postulated that mutations due to neutral drift impose an evolutionary 
constraint on other positions with a structural or functional linkage. In fact, several 
structure-prediction methods have been proposed which exploit this observation with the 
underlying hypothesis that co-evolving pairs tend be closer in space62–64. We chose to 
investigate this hypothesis using our model system – the HADSF. From the HADSF-
wide multiple sequence alignment, we computed mutual information (MI) scores for each 
pair of positions (for details, refer to section 4.2.3). The correlation between these MI 
scores and inter-residue distances (from representative structures) is shown in Figure 
4.9. We observe a strong negative correlation between co-evolving residues and their 
respective spatial coordinates. In fact, the relationship is non-linear with the best fit to a 
negative exponential curve (R2=0.99). This result augments earlier work (on a proteome 
level) at a superfamily level. Thus, using evolutionary co-variation as a constraint for 
predicting enzyme structure is reasonable. 
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Figure 4.9: Correlation between mutual information scores and inter-residue 
distances. The red bars depict the data and the dotted line represents the best-
exponential fit. 
 
 To compare and contrast differentially co-varying pairs across different cap types, 
we computed MI scores for C0-, C1- and C2-wide alignments. The results are presented 
in Figure 4.10. Briefly, the axes represent the number of columns in the sequence 
alignments with each point colored by the corresponding MI score. A high score (colored 
red) suggests a high-degree of co-variance between the positions whereas a low score 
(colored blue) stands for no co-variance. Thus, off-diagonal clusters that lie towards the 
red spectrum represent co-evolving pairs, which are spatially distant. 
 A careful analysis of Figure 4.10 illustrates several residue position pairs that are 
co-varying across all cap types suggesting their role as scaffolding positions in the 
HADSF Rossmann fold. For example, most of the top co-varying positions localize to 
strand β4 and helix α4 and form part of the hydrophobic core of the enzyme. Notably, 
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helix α4 has been associated with high structural variance based on comparative 
analyses of multiple HADSF structures (section 3.3.3, Figure 3.16).  
 
 
Figure 4.10: Co-variation (MI scores) across the HADSF, C0, C1 and C2 cap type 
sequences. 
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 In order to gain further insight into the residue positions pairs that are different 
across cap types, we mapped the top 10 co-varying pairs from each class onto a 
representative structure (Figure 4.11). Similar to the sequence conservation analyses, 
we find that co-varying positions for cap type C0 localize to either the flanking helices 
(α4 and α5) or to the loops responsible to orienting the active site residues (Figure 4.11, 
panel A). 
 
Figure 4.11: Top 10 co-varying positions in different cap classes mapped onto (A) 
1J8D (C0, purple), (B) 1TE2 (C1, gold) and (C) 1VJR(C2, blue) representative 
structures. 
 
 Importantly, co-varying positions in cap types C1 and C2 are insert-location 
specific. Top three co-varying residue pairs for each cap type class are highlighted in 
Table 4.1. The co-varying pairs localize to positions that interact with the inserted cap 
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domain suggesting their role in inter-domain movement. In cap type C1, we discover co-
varying positions between strand β2 and helix α1 whereas in cap type C2, between 
strand β5 and helix α4. Overall, these results show differential constraints on various 
residue positions in the HADSF core domain, which depend on the type and location of 
domain insertion. 	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Rank Cap Type Top residue positions from representative structures 
1 
C0 
36:78 - D:G (25.4%), R:D (6.8%), R:G (3.1%) 
2 78:82 - G:A (24.1%), D:L (4.7%), S:L (3.4%) 
3 78:85 - G:L (26.3%), S:A (5.1%), D:M (3.8%) 
4 36:82 - D:A (20.3%), R:L (6.2%), R:I (2.6%) 
5 36:80 - D:N (25.7%), R:N (3.8%), R:P (2.0%) 
6 82:85 - A:L (20.6%), I:L (5.6%), V:A (4.8%) 
7 80:85 - N:L (28.8%), T:A (3.8%), N:A (3.0%) 
8 78:83 - G:P (25.2%), D:P (4.3%), D:P (2.7%) 
9 98:101 - T:A (10.6%), S:A (6.5%), H:V (2.0%) 
10 32:36 - M:D (15.1%), I:R (7.0%), L:D (6.0%) 
      
1 
C1 
87:92 - G:D (68.7%), E:G (15.5%), S:D (2.4%) 
2 7:39 - K:D (17.3%),  L:K (7.2%), L:G (5.3%) 
3 39:89 - D:G (21.3%), S:S (6.7%), G:G (5.5%) 
4 89:96 - G:L (25.6%), S:A (17.4%), T:A (4.9%) 
5 7:89 - K:G (20.1%), L:S (9.1%), M:S (5.8%) 
6 38:89 - G:G (29.9%), N:S (11.4%), S:S (6.5%) 
7 7:12 - K:T (17.3%), L:V (4.8%), L:L (4.4%) 
8 8:89 - D:S (24.8%), T:G (20.4%), D:G (11.1%) 
9 35:39 - M:D (15.5%), I:G (7.3%), V:K (5.4%) 
10 8:39 - T:D (16.8%), D:G (15.5%), D:S (12.2%) 
      
1 
C2 
82:92 - A:M (33.2%), M:A (6.5%), V:M (6.1%) 
2 88:93- N:L (33.6%), T:G (11.9%), N:F (11.6%) 
3 7:86 - L:G (6.9%), I:G (6.1%), L:N (6.1%) 
4 86:93 - G:L (13.4%), R:G (7.2%), D:F (6.9%) 
5 82:93 - A:L (23.4%), M:G (9.5%), A:I (7.2%) 
6 88:92 - N:M (46.9%), T:A (8.8%), T:G (6.9%) 
7 93:102 - L:A (26.4%), I:A (9.6%) , F:A (8.9%) 
8 86:90 - R:I (7.7%), D:E (7.4%), G:I (6.1%) 
9 7:12 - L:L (10.6%), M:L (7.5%), I:L (4.9%) 
10 88:102 - N:A (46.8%), T:L (11.9%), S:L (3.0%) 
 
Table 4.1: List of top co-varying residues across cap types 
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4.4   Discussion 
In order to understand the nature of sequence-level modifications associated with 
domain insertions into a superfold, comprehensive analyses were carried out with the 
HADSF as a model system. Using superfamily-wide multiple-sequence alignments, 
sequence conservation and co-variation was investigated. We discovered low sequence 
conservation in the HADSF core Rossmann fold with the exception of the amino acids 
required for hydrolyzing the phosphoryl group and that solvent accessibility is a good 
predictor of sequence conservation. Additionally, we observe correlation between 
sequence conservation and protein motion suggesting a conformational basis for 
evolutionary constraints. By comparing conserved residues across different cap-type 
classes, we find positions with potential roles in conformational flexibility have been 
selectively conserved in different classes. As suggested previously, we observe a 
significant correlation between mutually co-varying residue positions and inter-residue 
distance. The top co-varying pairs highlight the importance of helix-strand interaction 
and placement of loops in the correct conformation in the HADSF suggesting a function-
oriented process of sequence divergence. Overall, our results support a co-evolutionary 
model of inter-domain evolution in the HADSF with conformational flexibility as an 
important link. 
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